The paper presents controller design, modelling, and simulations of the solid oxide fuel cell (SOFC) system. The SOFC model is used for the development of the fuzzy control scheme to improve the system performance. The SOFC is widely acknowledged for the clean distributed power generation. However, dire process problems occur frequently when the stand-alone fuel cell is directly interfaced with the electricity grid. Moreover, sustaining the optimal power quality and load following is the huge challenge, during the peak power demand schedule from the utility grid and large load perturbations. Consequently, a suitable and highly efficient control system is required for controlling and following the power load demands for the complex grid interfaced SOFC power systems. Therefore, a novel nonlinear hybrid adaptive recurrent fuzzy neural network (ARFNN) is developed for the control of the grid interfaced SOFC. The rapid power load following and safe SOFC operation requirement is also considered in the design of the closed loop control system. Simulation results proved that the proposed hybrid ARFNN enhances the optimal power quality and load-following than the conventional PI control scheme.
Introduction
Distributed generation (DG) is a promising technology that addresses the technical and environmental concerns in the power systems. The solid oxide fuel cell (SOFC) presents an attractive option for the DG technology because of ensuring flexible modular structure, high efficiency, high energy density, and environmental friendly features (low emission of pollutant gases). In contrast with the other fuel cells, the SOFC is entirely in the solid state with no liquid components and operates at high temperatures, in the range of 500-1,000°C to accomplish the electrolytes ionic conductivity requirement (Qi et al., 2005) .
As one of the second generations of the fuel cells, the SOFC was demonstrated as a promising power generation technology, especially in the stationary applications (Larminie et al., 2003; Knyazkin et al., 2003; Akkinapragada and Chowdhury, 2006; Kandepu et al., 2007; Zhu and Tomsovic, 2002) . The SOFC/gas turbine (GT)-based DG provided ancillary services, such as the load following and regulation according to the current deregulation and unbundling of the energy market (Kandepu et al., 2007; Zhu and Tomsovic, 2002) . However, the load following problems ascended while the response of the fuel cell system was not safely fulfilling both the external power load demand and balance of the parasitic plant power demand (Mueller et al., 2007) . Such as, the sudden load power fluctuations cause oxygen starvation in the fuel cell (Pukrushpan et al., 2004) . Then the partial pressure of oxygen fell dramatically, accompanied by rapid decrease in cell voltage that reduced the life of the fuel cell stack. Alternatively, the fuel cell might also be permanently damaged once the fuel starvation ensued in case of deficient fuel supply (Wang et al., 2007; Padulles et al., 2000) . Therefore, an effective control system was in pronounced demand, so that the fuel cell system fulfilled the time-varying power load demand with high process operation efficiency (Larminie et al., 2003; Murshed et al., 2007) .
The efficiency of the fuel cell system increased prominently in the co-generation. A control mechanism for the integration of a hybrid generation system, i.e., fuel cell and micro turbine with utility grid was explored in Lasseter (2001) . Several fuel cell-based hybrid systems were analysed in Ro and Rahman (1998) . The control architecture was scrutinised in Nelson et al. (2005) for the enhancement of the dynamic response of fuel cell system with emphasis on fuel flow regulation. Du et al. (2012) presented the effects of the grid interfaced SOFC on the system's stability and performance. The PID control scheme of power flow from the SOFC interfaced to the electric grid was inspected in Jurado (2006) . Authors in Colclasure et al. (2011) designed model predictive control (MPC) for the SOFC. Although the control of the nonlinear SOFC system was challenging because of the slow response undertight safe operation constraints, several predictive control strategies were anticipated for the rapid load following. In Singh and Chandra (2013) , the fuzzy Hammerstein model (FHM) was identified from the input-output operation data of the SOFC stack. Subsequently, the associated standard predictive controller was applied to the fuel control of the stand-alone SOFC stack, so that the stepwise power load demands were fulfilled. Inappropriately, the stability issues of closed-loop MPC were ignored. Classical and intelligent control strategies were applied to the control system of renewable energy technology (García et al., 2014) . Conventional control algorithms like PI scheme required precise system modelling and were rather complex because of parameter discrepancies (Johansen et al., 2000) . Intelligent control techniques such as artificial neural networks (ANN), fuzzy logic, and neuro-fuzzy were more effective and vigorous than the conventional control, because system modelling was not required and they enhanced the dynamic performance of the system.
Fuzzy logic controllers (FLCs) were proficient of enduring vagueness and ambiguity up to a better notch. Fuzzy logic strategy was emphasised for the transient stability enhancement issues and damping of oscillations in the power system devices (Dash and Mishra, 2003; Radman and Raje, 2008) . However, the discrepancies of the fuzzy inference system (FIS) were entirely based on the knowledge and experiences of the human. Since both fuzzy logic and ANN had their relative benefits, a powerful processing with benefits of both was achieved by merging them together. The learning ability of Neural Network was used for regulating the parameters of fuzzy logic in various scenarios for achieving better performance (Chu and Tsai, 2008; Afzalian and Linkens, 2000; Kala et al., 2011; Ananthababu et al., 2016; Khan et al., 2016; Sardar et al., 2015) . Nevertheless, application field was restricted to static problems as the feed forward network composition was a major shortcoming of the neuro-fuzzy system. Processing sequential problems with the aid of the neuro-fuzzy system was inefficient. Alternatively, adaptive recurrent fuzzy neural network (ARFNN) structure was based on supervised learning that was a dynamic mapping network and more appropriate for dealing with dynamic systems compared to neuro-fuzzy system (Lin et al., 2006 (Lin et al., , 2013 Juang and Hsieh, 2010) .
The paper examines the design of an ARFNN structure for satisfying the power load following in the SOFC gird integration system. The ARFNN is a recurrent multilayered connectionist network for determining the FIS and is developed from a set of fuzzy linguistic rules. The sequential relation entrenched in the ARFNN is developed by introducing feedback connections in the second layer of the fuzzy neural network (FNN) .
The adaptation provides increase in the memory elements of the ARFNN and improves the basic ability of the FNN for sequential problems. A recurrent neuron has an inner feedback loop and it also extracts the dynamic response of a system, the network model is generalised and has the advantages of being dynamic and robust. The major advantage of this proposed strategy is the ease from time consuming optimisation methods and convergence of system to desired trajectory in the presence of uncertainty, which is typically seen in conventional nonlinear controller.
Highly nonlinear control approaches are required for fulfilling peak power demand schedule from utility grid and maintaining optimal power quality for overcoming aforementioned control problems. The main contributions of our paper are:
• nonlinear hybrid ARFNN is established for controlling the grid interfaced SOFC
• ARFNN control algorithm is designed for controlling the rapid power load following demands of the complex grid interfaced SOFC power systems
• the hybrid procedure, i.e., back-propagation is used for the optimising the parameters of membership functions and weights
• an input-output mapping based on both the human knowledge and the stipulated input-output data pairs is formulated
• the initial setting of the membership functions and the recurrent antecedent part of the fuzzy logic is designed on the bases of the dynamical behaviour of the SOFC
• the comparative analysis of both the PI control scheme and the ARFNN is carried out for the validation of ARFNN control scheme.
The paper is organised as follows: Section 2 reviews the SOFC dynamic modelling. The grid interfaced SOFC system is discussed in Section 3. The structure and features of the ARFNN is described in Section 4. Section 5 presents model validation with experimental data and illustrates the results achieved by the resulting controller (ARFNN). In Section 6, the performance indices of the ARFNN and the PI control scheme are presented. Finally, the verdicts of the investigations are highlighted in the conclusion along with the direction for future work.
SOFC dynamic modelling
The SOFC operates at high temperatures, usually between 500 and 1,000°C. The electrolyte material of SOFC is a solid metal oxide ceramic, generally dense Yttrium Stabilised Zirconia (YSZ) (Y20 3 stabilised with ZrO). The YSZ is good material for the conduction of negatively charged ions, i.e., O 2 in case of the SOFC. The distinctive structure and components of the SOFC are demonstrated in Figure 1 . The fuel electrode or anode is usually made of a cement like material, a mixture of zirconium oxide (CO = ZrO 2 or Ni = ZrO 2 ) and cobalt (Co) or nickel (NI). The Co or Ni improves conductivity and the whole cement mixture enhances negative ion conductivity. The air electrode or cathode is made of an ion conducting ceramic mixture (DoE, 2004 ) that is strontium-doped lanthanum magnetite (LaMnO 2 ). At the anode, preheated hydrogen molecule is oxidised by releasing two electrons that drift through the external circuit and feed the load. At the cathode, reduction of preheated air or oxygen molecules occurs and thus absorption of electrons produces negatively charged ions. The concentration gradient of oxygen occurs, that results in ion migration from cathode through the electrolyte by vacancy transport towards the anode side. The chemical reactions associated with the SOFC are formulated in equation (1), equation (2), and equation (3). Oxidation of hydrogen molecule at the anode is represented as: And reduction of oxygen molecule at the cathode is presented as:
Finally, the resultant product is formulated as:
The valid system model is quite helpful in predicting the system behaviour by controlling and optimising the performance of various system parameters. Growing interest in the design and control of the SOFC power plant has led towards the demand for appropriate and valid field oriented SOFC models (Wu et al., 2008 ). The dynamic model of a tubular SOFC stack is presented based on the: a electrochemical relations b partial pressure properties c mass conservation laws with emphasis on terminal electrical characteristics of the fuel cell.
Following assumptions are considered while modelling the SOFC system (Du et al., 2012 ):
• hydrogen is supplied at the anode while oxygen at the cathode
• ideal gases are considered by the system
• Nernst voltage applied for the output of cell voltage
• stable cell temperature is considered
• voltage losses such as Ohmic, activation and concentration are considered.
Gibb's free energy theory
Gibb's free energy provides the basic diagnostic understanding in the development of fuel cell model. Gibb's free energy is termed as the energy that performs external work. The movement of electrons in the external circuit is referred as external work or electrical work done. However, work done is not because of variation in the volume or pressure levels of reactants and products. Gibb's free energy at standard temperature (STP) is represented by 'G s '. The variations occur in the parameter G is critical, and is associated with the release of free energy. Whereas, deviation in G s is the difference between Gibb's free energy of reactants and products, formulated as:
Gibb's energy per mole is represented as:
The reactants are hydrogen and oxygen in the electrochemical process of the SOFC and product is water. So, equation (5) can be modified as shown below:
The open circuit potential of the SOFC is presented as:
Variation in pressure
The Gibb's free energy and voltage of the SOFC depends on variations in temperature and pressure. Equation (8) 
R denotes the universal gas constant (8.314 J/mole K), T represents the operating temperature, and water respectively. The relation for voltage of the fuel cell at STP is expressed as:
Using equation (7), equation (8), and equation (9), the 'Nernst potential' E of the SOFC is represented as follows:
Nernst equation is used for relating the open circuit cell potential with varying pressure at standard temperature.
Partial pressures calculation
Ideal gas equation is extensively used for the calculation of partial pressure of gases, i.e.,
The partial pressure of hydrogen is determined using ideal gas relation, represented as follows:
In equation (12), V anode represents volume of the anode and m H2 denotes number of moles of hydrogen.
The derivative on both sides of equation (12) is formulated as: ). The overall molar flow rate of hydrogen in the SOFC is formulated as:
In equation (14) 
N is the number of cells in the SOFC stack, I FC presents the current provided by the stack, and K p is the modelling constant. Equation (15) illustrates that the output current of the fuel cell is directly related with the hydrogen molar flow rate 2 ( ). (14), the differential relation of the hydrogen partial pressure is represented as:
Applying the Laplace Transform and setting the initial conditions zero on both sides yield:
In equation (17), 2 H τ is the system pole concerned with the hydrogen time constant, i.e., ( 1 8 ) Equation (18) represents the value of hydrogen partial pressure, incorporated in Nernst equation for calculating the cell voltage. The expressions for the partial pressures of oxygen and water are formulated as:
The SOFC temperature calculation
Heat produced by the fuel cell is exploited for estimating the variation in temperature of the SOFC. Further, the variation in temperature is used for computing the working temperature of the SOFC. The heat generated is formulated as:
In equation (22), M and C denote the mass and specific heat energy constant of fuel cell stack, ensuring values of 44 Kg and 560 J/Kg-k respectively. The operating temperature of the SOFC stack is determined by the variation in temperature, represented as:
Fuel utilisation
The slow response of fuel cell current is formulated as:
In equation (24) 
In equation (26), τ f denotes the response time of fuel and 2 H u denotes the fuel utilisation factor. The fuel utilisation factor is defined as the ratio of fuel used in the cell to the total fuel supply at the input. Generally, the range between 80-90% is selected for the fuel utilisation.
Stack voltage calculation
Nernst equation is generally used for the calculation of the SOFC output DC voltage (E SOFC ), represented as:
Typically, three types of losses occur in fuel cell. Consequently, the terminal cell voltage V SOFC becomes less than the total cell voltage, i.e.,
In equation (28), v act , v ohm , and v conc represents the activation, ohmic and concentration losses respectively.
The SOFC-grid interfacing
The SOFC is one of the DG technologies that generates a DC power by an electrochemical energy conversion process. The generated DC voltages are low and variable limiting fuel cell to be interfaced with utility mains directly. Suitable power electronic converters are installed for making the interface between the SOFC and grid. The integration between the SOFC system and the utility grid using a 'power conditioning system' (PCS) is depicted in Figure 2 . The PCS consists of following components:
• DC-AC inverter
• RL filter. The SOFC system fulfils the active power demand. Moreover, the system has a fast response towards compensating the variations taking place in the load demand schedule.
Active power control
An equivalent circuit is presented in Figure 3 for controlling the active power of the SOFC system interfaced to the utility grid. Two voltage sources are considered which are connected through line inductance L. V SOFC is fuel cell voltage, V G represents grid side voltage, and δ is phase angle between the SOFC and the grid voltages. The complex power provided by the SOFC system (neglecting VSI and transformer losses) to the utility grid is formulated as:
The reactive power is set as zero. The flow of the active power from the SOFC to the grid is represented as:
In equation (30), m denotes the per unit value of variable modulation index. Using equation (28), equation (29), and equation (30), current drawn from the fuel cell is presented as:
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Selection of the proper control scheme for the inverter is critical for complying with the active power demand and load following schedule. Therefore, an AFNN is implemented with the hysteresis current PWM for providing suitable gate pulses to the inverter to generate the required power.
Inverter topology
The two main types of the inverters based on the output waveforms are:
1 square wave 2 PWM inverters.
The square wave AC output is generated by the square wave inverters and altered by varying the input DC voltage. Conversely, the switching sequence is used for the PWM inverters for producing AC waveform. The three-phase inverter is considered, incorporating switching devices of insulated gate bipolar transistors (IGBT). The DC voltage is provided by the SOFC at the inverter input, followed by a DC link capacitor, so that a pulsation in the incoming DC supply is filtered out. The RL filter at the output of the inverter ensures the elimination of current harmonics for fulfilling the required standards. Schematic of the inverter topology is depicted in Figure 4 . 
Series filter
The series filter circuit having inductance La and resistance R a is interfaced between the inverter and the grid as depicted in Figure 4 . The Kirchhoff's voltage law is applied for manipulating the voltage balance along the resistor and inductor, represented as follows:
In equations (32) to (34), V an , V bn and V cn represent the line voltages respectively at the three phase inverter terminals and V an , V bn and V cn present grid side three-phase voltages.
Adaptive recurrent FNN
The ARFNN is a simplified system than the neuro-fuzzy system. The recurrent neural structure is obtained by bringing units delays amongst the fuzzy membership functions layer and fuzzy inference layer. Therefore, weights in the consequent part regulate the local operating regions, while the linkage weights in the output of the membership layer denote the singleton values in the incident part of the rules. Neural back propagation (BP) process in fuzzy inference layer is used to adjust the antecedent part of the rule and is used to regulate the input variable. This recurrent neuron has an inner feedback loop and extracts the dynamic response of a system; the network model is generalised and has the advantages of being dynamic and robust than neuro-fuzzy system. The key features of ARFNN include the dynamic mapping potential, temporal memory, universal estimation, and the FIS. The FIS is implemented by using the multilayer RNN, called an ARFNN. ARFNN is highly nonlinear and has the ability to deal with uncertainty of the system. Due to this ARFNN is capable of to converge the system to the desired trajectory. The main aim of ARFNN is to design a control paradigm that precisely estimates the values of the output parameters even when new values of the input variables are introduced. Therefore, ARFNN can be used for dynamic processes and performs better when the system's dynamics changes. The schematic diagram of the ARFNN structure is presented in Figure 5 that is organised into n input variables, m-nodes for each input variable, p output nodes, and m × n rule nodes. ARFNN system consists of six layers. Layer I accept input variables and nodes represent input linguistic variables. Layer II is used for estimating the Gaussian membership function. The Gaussian function is adopted as the membership function and the Nodes characterise the terms of the linguistic variables. Nodes at layer III signify fuzzy rules. Layer III forms the fuzzy rule-base. The links before the layer III represent prerequisites of the rules, and links after the layer III characterise the consequences of the rule nodes. The layer IV represents the weights w i of the neural systems. Layers V and IV represents the defuzzification of the neuro-fuzzy system. 
ARFNN layered structure
The fuzzy logic system generally accumulates the data in the shape of the fuzzy algorithm (García et al., 2014) 
R If I is A and I is A and I is A Then y is B R If I is A and I is A and I is A Then y is B R If I is A and I is A and I is A Then y is B
In equation (35), I 1 , I 2 ,…, I n and 1 2ˆ, , , n y y y … denote the input-output variables respectively and A ij depicts the Gaussian membership functions of i th input and j th rule. The output of the system is formulated as: Layer III In the FIS layer, each node represents fuzzy rule. The firing strength of each rule is computed, and min operation is used for estimating output value of the layer, i.e.,
In equation (38), η ij (k) represent the degrees of the membership function of the layer II and μ ij (k) present the input values for the next layer.
Layer IV The hidden weights w i of the ARFNN system are represented.
Layers V and VI These layers operate the defuzzification process, i.e., The output for the entire network is represented by u. The training of the network instigates after estimating the output value of the ARFNN system. w ij denotes the weights between the neurons of III and IV layer, p ij = 1,2,…,n; and n denotes the number of classes.
In equation (40), O 2 (k) is formulated as:
Therefore, n ij (k) is presented as:
In equation (41), m ij denotes the mean, σ ij presents variance of the membership function, O 1 (k) represents input of the first layer, n ij (k -1) defines the previous value of membership function, and θ ij (k) represents linkage weight towards the feedback unit. The dissimilarity between the neuro-fuzzy and recurrent neuro-fuzzy system is obvious that the input contains the memory terms n ij (k -1) storing the previous information of the network.
Learning of update parameters
The ARFNN learning process minimises the input error and output values by adjusting the network parameters. The Gradient Descent method is used for adjusting the values of weight w ip , mean m ij , and variance σ ij of the membership function ARFNN. The gradient descent method is used for minimising the error between the actual output value of the system and the desired value, formulated as:
In equation (41), P ref and P out denote the actual and desired output of the system. BP is assumed to be considerably faster for training RNN than general-purpose optimisation strategies, such as evolutionary optimisation. BP has the advantages of accuracy, versatility and it can guarantee the convergence of the systems to the desired state. By using the BP learning algorithm, updating parameters of the ARFNN is fine-tuned such that the cost function defined in equation (42) is less than a desired value. The error expression for each layer is calculated firstly using the recursive functions of the chain rule, and then the parameters in the corresponding layers are adjusted. The updating parameters rules for w i , m ij , σ ij and θ ij is expressed as:
where γ depicts the learning rate. The chain rule for the w i , m ij , σ ij and θ ij is represented as:
The derivative of equation (47) to (50) is formulated in equation (51) to (54) ( )
The quantity out P u ∂ ∂ is approximated by a constant k as explained in (Du et al., 2012) .
Thus, by updating the parameters of ARFNN the output u of ARFNN is regulated per changes occurs in the system and generate an output which minimises the error. Hence, the required modification in update parameters of ARFNN network is achieved.
Simulation results and discussion
The proposed ARFNN control mechanism is applied on the 50 kW SOFC power plant system that is modelled in MATLAB/Simulink. A short-duration active power transient study is conducted for checking the performance and validation of the proposed controller, considering the SOFC stack under constant fuel flow. The step increase and decrease transients were applied on the system for estimating response of the SOFC power system. The SOFC stacks have slow response towards rapid and sustained load transients, observed throughout simulation. When a step variation of power is experienced by the utility grid, the power electronics inverter circuitry sense these perturbations and the robust VSI control signal is effectively conditioned. Thus, the SOFC plant can ramp up the output for fulfilling required load demand. The results are compared with conventional PI control scheme for depicting the faster response time of the proposed control strategy (ARFNN). The SOFC-based DG system is tested with step variations in the grid real power demand. The abrupt variations in the active power are for estimating the dynamic response of the SOFC system. A load model that represents subsequent variations in the active power demand is exploited for examining the response of the proposed model. The closed-loop strategy for the SOFC is depicted in Figure 6 . In the Figure 7 , the active power reference is varied from '0.3 pu' load to '1 pu' with variations, while reaching at '1 pu' and the response of the proposed ARFNN model for following the reference load demands is presented. Moreover, the reference active power demand curve is readily followed by the SOFC power output. Therefore, ensuring that the proposed strategy is insensitive or robust against varying load conditions. The comparison of ARFNN and the PI control scheme demonstrates the better performance of proposed control strategy. The ARFNN control scheme presents a rapid response for following the active power demand. Furthermore, for a step variation in active power from '0.3 pu' up to '1 pu', the ARFNN-based SOFC takes almost '0.15 sec' for acquiring a new steady state condition. Initially, indication is that the AFNN-based SOFC takes a fraction of time in settling down towards suitable values of the system. The system response depicts that the ARFNN control can achieve rapid transient response with efficient rejection of load variations and attaining more stable response. The ARFNN-based grid-interfaced SOFC performs better than the conventional PI control scheme, verifying that the ARFNN is computationally strong and has ability of fulfilling the desired response. Figure 8 and Figure 9 illustrate variations in the SOFC output three phase currents and terminal voltages for the fluctuating loads. Initially, indication is that the SOFC voltage and current both accepts numerous values for the initial time span, and then settle down towards suitable values of voltage and current. Another consideration is that large load perturbations have small effects on the voltage output of controlled inverter. Thus, enlightening that the ARFNN is flexible, computationally strong, and has capability of fulfilling desired demand of the grid. Moreover, ARFNN is rated as an efficient and robust method for tuning the membership functions of reducing the measured output errors.
Performance evaluation
Various performance indices are considered for checking the sensitivity and the precision of the system. Based on these PI control scheme calculations, decision is made for the selection of the control paradigm for the rapid load side power following. The computational cost of the controller is linked with the accuracy and imprecision for each control algorithm. Thus,the decision on the control law selection for the system is also made because of the PI control scheme response of each control paradigm. Some commonly PI control schemes in practice are depicted as: Table 1 depicts the performance indices of the proposed control scheme (ARFNN) and the PI-based control. The performance indices illustrate that ARFNN performs better than the PI-based control scheme. Moreover, ARFNN boosts the performance and quickly follow the load side demands, and has minimum value than the PI-based control scheme. Hence, observed that the ARFNN control paradigm reduces the error as soon as feasible because of flexibility of the adaptive parameters.
Conclusions and future work
An integrated model of the SOFC system based on the ARFNN control, interfaced to the utility grid is presented. The detailed modelling of the grid interfaced SOFC is elaborated including the inverter, filter, transformer, and grid integration of the SOFC along with the dynamical equations of partial pressure, stack voltage, stack current, and temperature. The main objective is to control and fulfil active power demand variations occurring at the load side. The problem is tackled by developing the ARFNN control for the system. The scenario of fluctuating demand is sensed by the SOFC system interfaced to the infinite bus, and controller generates the gate pulses for the IGBTs of VSI to cope with the load demand. The performance of the grid interfaced SOFC-based DG system with ARFNN and the PI-based control scheme is compared and analysed. The faster transient response and robustness of the proposed strategy is illustrated along with the adaptive parameters update for efficient learning of the control scheme.
